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Abstract Why Surrogate Validation Is Different in QSP

This Framework Dynamic Systems Multiscale Stiffness
QSP models describe transient dynamics, Biological systems span fast processes (receptor

An eight-step, end-to-end validation workflow  QSP integrates mechanistic biological modelling with PK/PD to support translational research and model- feedback loops, and multi-phase responses. binding, seconds-minutes) and slow ones (disease
aligned with risk-informed credibility informed drug development across immuno-oncology, rare diseases, and metabolic disorders. Their Surrogates must reproduce temporal features— progression, weeks-months), producing
standards. Covers surrogate classes (Gaussian underlying diffe.rential equatio.ns are.non%inear, high—d.imensic.)nal, a.nd nu@erically stiff—making tasks like not just steady-state endpoints. Timing errors in numerically stiff ODEs. Surrogates may inherit
processes, deep neural networks, hybrid GSA, VP generatlon, and Bayesian estimation computationally Infeasible without surrogates. cytokine peaks (CAR-T) or reticulocyte nadirs numerical artefacts or miss stiff transients if
mechanistic-ML), validation strategies for (EPO) can be clinically significant. training data lack sufficient temporal resolution.
endpoint accuracy, trajectory fidelity, Not Just Accuracy Extrapolation Risk
uncertainty calibration, and virtual population The primary concern is kinetic realism, dynamic A surrogate with good endpoint metrics may Parameter |dentifiability Biological Constraints
3;::;}?):;12:&1 agreement, plus failure-mode ;(;leietnt?;t ?)I;ifiizp;:fbﬂny_nm merely f;;f;crz?;2;5&::5;?:&2::1;Zi::gfnﬁally QSP models frequently exhibit sloppy parameter Mechanistic models respect positivity, physiological

Sl spaces where multiple configurations produce bounds, and conservation laws. Standard ML
Case Studies & Scope similar outputs. Surrogates may learn non-causal architectures impose no such constraints. Non-
CAR-T immunotherapy and a hybrid Neural correlations, producing accurate interpolations physical predictions—negative concentrations of
ODE erythropoiesis surrogate illustrate Regulatory Gap but misleading extrapolations—a failure mode cytokines etc—must be detected and treated as
domain-specific requirements. Regulatory Inadequate validation may lead to incorrect predictions precisely in the high-risk scenarios QSP models invisible to standard held-out metrics. model failure indicators.

implications are discussed under FDA CM&S are designed to address.

and ASME V&V40 frameworks.

The appropriate surrogate class depends on the context of use, training budget, model dimensionality, and required interpretability. Table 1 summarises the principal classes.

Multi-Level Validation Framework for Al-QSP Surrogates The Eight-Step Validation Workflow

Surrogate Class Core Idea Training Data Strengths Common Failure Modes Regulatory Positioning
Black-box ML (MLP, RF, Full input - output mapping High (103-10%+) Fast inference; strong Poor extrapolation; Exploratory COUs only . . ..
XGBoost) interpolation constraint violations Define ’ @ Validate | Validate Characterize The workflow beglns with COU definition (Step 1) and
Gaussian Process / Kriging fg&?;]zﬁ::;; kernel 1410(;/(\)7:111%%%1‘:)% S:i;bz;lftii(iietrllrtlcertainty; Poor scaling to high-d Often well-received cCou 4 End p oints ! Time-Series & Failure Modes simulation camp aign deSign (Step 2) s followed by
’ progressive validation tiers: endpoint accuracy (Step 4),

PINNSs Governing equations as loss Moderate-high Physical consistency Training instability with Needs careful T LA trajeCtOry fldehty (Step 5), uncertainty calibration (Step 6),

penalties stiff systems justification ifv i i i embpora reement ® | l . . . . .

i iff sy justificati Ider;tlfi/ |r:ctended z?'?)rmacokmetlcs p g Extrapolation Risk and distributional agreement (Step 7), with baseline

UDEs / Neural ODE hybrids Neural net in unknown ODE Low-moderate Excellent inductive bias; Solver sensitivity Strong regulatory story context or use 5 v . . . . . . . .

components only good extrapolation ¢ E' a'n'”gl Domain, ® Constraint Violation comparison at each tier (Step 3). Step 8 addresses biological

xtrapolation, . ! z ey s . - i
e Regimen e AUC, Cmax, Tmax P ® Uncertainty Calibratior plausibility and computational efficiency. Failure-mode

Residual hybrid surrogate ML learns correction to Low Interpretable error Depends on base model Strong if base model L . ’ ! V&V40 . . .

reduced mechanistic model structure; data-light quality qualified Optlmlzatlon I i J dlagno stics are apphed throughout.

_ Pharmacodynamics
Latent-space dynamical Compress trajectories; Moderate Handles high- Latent misinterpretation; Acceptable if g Vlrtual (PD) Populational Allgn ment
surrogate emulate latent dynamics dimensional outputs decoder bias interpretability Po pu[ations
d d :
sonee : e Cytokine, » Virtual Population ﬂ‘
e Varied PK/PD Data . . :
Biomarker, Cell Fitting Accuracy > o
Trajectory OSP Mode!

. . . Risk-I d Validati
Failure Modes & Diagnhostics isicinjormed kaiaadon

Acceptable Error Thresholds by Context of Use

Extrapolation Failure

Most common failure mode. Detect via boundary stress tests and Mahalanobis distance

to training data. Restrict surrogate to defined domain of applicability or adopt hybrid Challenges and Validation Insights in AI-QSP Surrogates Acceptable surrogate error is inherently context-dependent and must be stated explicitly. These are illustrative guidance values, not regulatory
architectures. acceptance criteria.
1. Low Data Agreement » 2. Dynamic Rigidity I 4 3. Uncertainty Calibration
Blood Concentration (mg/L) ; Cytokine Level (pg/mL) ” Cell Abundance (tga/mL) Context of Use Illustrative Acceptable Error Rationale
Constraint Violations .
/;j-;o Narrow uncertainty ) 0 . . . . s
Negative concentrations, mass-balance violations. Mitigate via softplus transformations, ’/'/. o intervals & Exploratory screening 10-20% endpoint error Ranking more important than precision
: i : 50 3 f
constraint-penalty loss terms, or mechanistic scaffolding. 3«,.’ . _ . . _
9,!_' _______ b Dose/regimen comparison <10% on AUC/Cmax Preserves relative ordering of regimens
0= , > — >
Time Time Time . . . . .. . . . ..
_ Virtual population generation KS distance < 0.10-0.20 Distributional fidelity critical
Temporal Mismatch « Endpoint agreement e Trajectory misalignment e Poor uncertainty calibration
, . : i , ) necessary but insufficient can indicate structural error erodes decision confidence . . _ ) ) ) ) .
Correct AUC but biased Cmax/Tmax or phase-shifted trajectories. Detect via residual-vs- Decision-critical support <5% endpoints + trajectory High risk of incorrect decisions
time plots and landmark error analysis. Validation Insights Validation Insights Validation Insights fidelity
® @ Training Data = Surrogate Model Outputs —= C Surrogate Model Outputs
@ Surrogate Modet ~ = = Resimulation by Mechanistic Model - = = Mechanistic Model Regulatory-facing analyses Conservative, COU-specific Align with risk-informed credibility frameworks
Uncertainty Miscalibration thresholds
@ Training Data === Surrogate Model Outputs ===~ Resimulation by Mechanistic Model
Overconfident intervals failing to capture mechanistic variability. Assess on held-out
simulations; report coverage probabilities as part of validation evidence.
[)' When diagnostics indicate surrogate failure, best practice is to suspend surrogate use for the affected COU, revert to the mechanistic model,
expand training data in the failing region, and document all failure modes, diagnostics, and mitigation steps.
Overarching Principles Limitations & Future Directions
Hybrid approaches combine the extrapolative reliability of physics-based formulations with the representational flexibility of data-driven % COU is the anchor The peer-reviewed literature reporting multi-level surrogate validation in
learning. They are particularly advantageous when training data are sparse, extrapolation is unavoidable, biological constraints are . ear] ated e tod QSP settings remains sparse. Many published studies report endpoint
Without a clearly articulated COU, it is impossible to determine . : . C 3o
critical, or trajectory fidelity matters more than endpoint accuracy. ’ . b . e accuracy without trajectory or uncertainty validation, and benchmark
what level of surrogate error is acceptable or which validation tiers datasets for systematic comparison are largely absent.
L are required.
Three Priority Directions
% Endpoint accuracy is insufficient 1. Publicly available benchmark datasets covering diverse QSP
- R - lication domains
. . . . . . . Trajectory fidelity must be assessed independently—surrogates app
PINNs lEJnlve.rsaI Differential Residual Hybrid Models Constrained Architectures frequently achieve acceptable endpoint agreement while Further advancement of hybrid mechanistic—AT modelling approaches
. . uations . . . .. . . i i i i idelj -
Governing equations encoded as G ML learns only the correction to misrepresenting clinically meaningful temporal dynamics. 3. Standardised validation reporting guidelines to enable cross-study
. _ : : : comparison and facilitate regulatory acceptance
loss penalties. Most useful when  Neural networks replace only a reduced mechanistic model. Biological constraints embedded P & y p
equations are well-specified but unknown ODE components; Dramatically reduces surrogate  directly into architecture or % Failure modes must be actively tested
expensive to solve. Training known structure is retained. complexity and provides clear training objective (e.g., softplus , , L ,
. . _ . _ _ o Extrapolation failure, constraint violation, temporal mismatch, and
instability for stiff Reduces learning interpretation of what the ML for positivity, mass-balance uncertainty miscalibration are systematic, not random, and require
pharmacological systems limits ~ dimensionality, exhibits component adds beyond parameterisation). Easier to targeted diagnostics.
current regulatory use. superior extrapolation, and established biology. train than PINNSs; substantially
provides strong inductive bias. reduces non-physical
predictions.
Conclusions
Hybrid Mechanistic-Neural ODE Surrogate " s : s
. o . . 1 h Is; th le th — h 1 f
in Erythropoiesis (EPO Therapy) Hybrid mechanistic-Neural ODE surrogate Surroga'tes do not rep ac.e.mec anistic models; they scale their use—and the credibility o
.. that scaling must be explicitly demonstrated."
T e o model for erythropoiesis under EPO
) |ol99y y Mechanistic QSP Model Neural ODE Surrogate m . .
& Blgnaking | — Hstnogiobin i) therapy. A mechanistic QSP model
L [P g rmacelioue. | e > o ] i describing EPO pharmacokinetics
i R ) 20 5 oy . . o Transformative Opportunity Rigorous & Actionable Framework
o | , el /7 —wew | JAK2/STATS signalling, and erythropoiesis is
| | W e \ [ 9 _ ozt context,J o 7w @ = | gugmented with a Neural ODE latent state é;;QzE;;ﬁ;ia:: :?;;eelsi:iztsiﬁeai?’ The eight.st U p—
f = . s S s z(t) that learns residual regulatory re igmen 0 tirr;isaZOIl that would ’ d E e'l g X ?P V\;OY. 0;\’ ITI eg;)a es1'
ceobnacror ||| (I3 s Sates | i) S dynamics from data. The latent state STmEn op . LR S e
e o e RO T e dul biologicall i oful otherwise be computationally comparison,
LfO. srythropvoieRsis | R;. _,fM;dt;::-tes'seypara;ne:srs: T modulates bio Ogl(?a Ymeanmg u prohibitive. endpoint/trajectory/uncertainty/distributi
= rogenitor — Reticulocyte — « Erythropoietic production .
E@ .RBC E————— C RBC fosk fato ’ Exosomal miR-486 parameters : enablin g |mproveq | onal validation, and failure-mode
e (T | e, representation of patient-specific diagnostics into a coherent, risk-informed
- 7; . ) e varlabllltyWhlle.pres.ervmg mechanlstlc hierarchy. |
o N B /) structure and biological constraints. :‘.
< , , IQANOVA
Mechanistic QSP Model Neural ODE Surrogate EPO Surrogate Outcomes Com pa rrson pa ne I'S S hOW Im proved
e ietindi s e i o haemoglobin trajectory fidelity and Regulatory Grounding
« Reticulocyte maturation * Modulates production & loss parameters Captures reticulocyte peak & H 1 H . . . .
RaC tmover P ':*’Fha;;‘“i;.f.;"‘ﬂ:'e . :"Pﬁ‘“‘cde"°5°me§¥“gm‘°: reticulocyte peak reproduction relative to Anchored in FDA CM&S guidance and ASME V&V40, the framework provides practical
* Exosome/mi namics while increasing riexioiity +/ Improve representationo . . ) . . . .
——— @: patient-specific variability the mechanistic-only model. guidance for deploying Al surrogates as validated computational accelerators in both

research and regulatory contexts.
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